Electroencephalography (EEG) is a non-invasive tool that has Background: the potential to identify and quantify atypical brain development. We introduce a new measure here, variance of relative power of resting-state EEG. We sought to assess whether variance of relative power of resting-state EEG could predict i) classification of infants as typical development (TD) or at risk (AR) for developmental disability, and ii) Bayley developmental scores at the same visit or future visits.
Introduction
Early detection of atypical neurological development increases the potential for successful intervention, as a body of basic science laboratory data supports that a wide variety of interventions, from environmental enrichment to hypothermia or implantation of stem cells, can enhance cerebral plasticity during development 1 . Emerging data also support that clinical interventions can increase the developmental potential of children, rather than presuming a predetermined potential 1 . Accordingly, early therapy intervention should have the greatest benefit on neural development and functional outcomes. However, there is a crucial roadblock here. In order to help guide and monitor interventions seeking to promote healthy brain development in the early years, we need suitable measures of fetal and infant brain function and development 2 prior to functional impairments emerging. Electroencephalography (EEG) offers one non-invasive tool with the potential to identify and quantify atypical brain development. While EEG has been used since the early 1900s to diagnose conditions such as sleep and chronic seizure disorders, it has more recently been investigated as a screening tool in the neonatal intensive care unit for high-risk infant populations 3 . The rapidly growing field of infant EEG seeks to uncover specific abnormalities in activity patterns or key features, and whether these are predictive of short-term and long-term risks or outcomes 3 .
Previous research has determined that EEG measures have some capacity in infancy to predict later functional outcomes. El-Dib and colleagues 4 demonstrated the ability of an EEG measure of continuity, minimum amplitude, bandwidth, and cycling within the first week of life to predict poor outcome (death or severe delay on Bayley Scales of Infant Development, version 2) at 4 months corrected age in 55 infants born pre-term (26-29 weeks gestational age) or with very low birth weight (less than 1500 g). For poor outcomes, EEG had a sensitivity of ~30%, specificity of ~90%, positive predictive value of ~60% and negative predictive value of ~80% 4 . They did not use cross validation to confirm accuracy of model. demonstrated relationships between background activity of EEG within the 36 days of life and a diagnosis of developmental delay or cerebral palsy at 12-18 months corrected age in 333 infants born pre-term (less than 36 weeks gestational age). For prediction of a later diagnosis, EEG had a sensitivity of 50-61%, specificity of 74-86%, positive predictive value of 27-38% and negative predictive value of 91-93% 5 . They did not use cross validation to confirm accuracy of the model. An additional study by Périvier and colleagues 6 also related clinical EEG data to infant outcomes. They found that out of 1744 preterm infants (less than 32 weeks gestational age), 422 had non-optimal outcomes at 2 years. A clinical rating scale that considered multiple aspects of abnormality of the EEGs performed in early infancy (up to 33 weeks post-menstrual age) had good specificity (0.95) but low sensitivity (0.16) for predicting non-optimal outcomes. Non-optimal outcomes were non-optimal neuromotor function or abnormal psychomotor development across any of a number of clinical measures 6 . Although EEG measures show some promise, to date they have only provided a piece of the puzzle. In a number of studies where outcomes were predicted using EEG it has been recommended that EEG assessment be combined with other clinical measures 4,6,7 . More effort is needed to determine the salient factors of EEG to be included for an optimally accurate and efficient prediction of neurodevelopmental outcomes, which led us to explore a new measure here.
We introduce a new measure here, variance of relative power of resting state EEG. We calculated variance of relative power as the standard deviation of the relative power across each of the 32 EEG electrodes. We postulate that higher variance may represent less organized cortical activity and be an intuitive and useful metric for identifying and quantifying atypical brain development within the first months of life. As such, higher variance may represent a salient factor of EEG to include for an optimally accurate and efficient prediction of neurodevelopmental outcomes.
Methods

Recruitment
This was a preliminary study to explore potential relationships of interest between EEG and developmental status, and we used a sample of convenience. Data were collected between 17 February 2015 and 18 June 2016. A total of 22 infants with typical development (TD) participated, between 38 and 203 days of age (Table 1 ). There were 2 infants with TD measured once, with the other 20 infants measured once per month for 3 to 6 visits. A total of 11 infants broadly at risk (AR) for developmental disability participated (6 high-risk pre-term, 4 low-risk pre-term, 1 high-risk full-term), aged between 40 and 225 days of age (adjusted for prematurity; Table 1 ). Infants AR were assessed once per month for 3 to 5 visits. Assessments started as close to 1 month of age as possible, and continued until the infant successfully reached and grasped a toy with high skill. Inclusion criteria (TD): infants were from singleton, full-term births (over 38 weeks). Exclusion criteria (TD): infants experiencing complications during birth, or with any known visual, orthopedic or neurologic impairment at the time of assessment, or with a score at or below the 5 th percentile for their age on the
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Electroencephalography assessment
During each visit, EEG data were acquired using a Biosemi system with 32-electrode infant headcaps (standard 10/20 system) at sampling rate of 512 Hz. Infants sat on the lap of a caregiver. First, 2 trials of 20-second resting-state EEG data were recorded. During resting state recording, a lighted, spinning globe toy was presented out of participants' reach to attract their visual attention and minimize head and body movement. This is standard in infant EEG data collection 6,7 . Next, arm reaching skill was assessed using 20-second blocks where a toy was presented at midline within reaching distance of the infant alternating with 20-second blocks without a toy to reach for. This was repeated five times. Finally, another session of restingstate EEG data were collected, similar to the first session.
Data analyses EEG analyses. EEG analysis methods are described in detail in a previous publication 12 . Only resting state EEG data were analyzed here, ranging from 14-82 seconds. Resting-state EEG variables explored here are individual power, relative power, and variance of relative power. Briefly, EEG data from all electrodes were re-referenced to the average of T7 and T8. Next, a bandpass infinite impulse response filter (0.3-30 Hz) was applied to the re-referenced data. Resting EEG segments were epoched and noisy segments were rejected. After rejection, remaining EEG data from 11 infants AR and 22 infants with TD were: AR visit 1 = 11, AR visit 3 = 9, TD visit 1 = 21, TD visit 3 = 13. Power spectral density (PSD) was estimated on these preprocessed EEG data using the "pwelch" function in MATLAB (ver. 2016A, MathWorks Inc., Natick, MA, USA). PSDs were transformed into relative powers so that spectral activities from all individual sessions were directly comparable. The relative powers were calculated between 0 and 30 Hz. For each frequency bin within this range and each electrode, relative power was computed by dividing PSD by the sum PSD from all bins. Variance of relative power was calculated as the standard deviation of the 32 relative power measurements for each infant, calculated by taking the standard deviation of peak power across each channel. Statistical analyses. Logistic regression was conducted to predict at-risk status of infants in the cohort using resting state EEG data recorded at visit 1. Leave-one-out cross-validation was performed as a method to confirm accuracy of logistic regression model. Multivariate linear regression was conducted to predict current (visit 1) and future (visit 3) Bayley scores using resting-state EEG data. Statistical analyses were performed using R, version 3.5.1. Bayley score models were compared using analysis of variance. It is important to note that the EEG analysis (RX) and the statistical analysis (AH) were performed independently from one another.
Prediction of AR status
The resting state data for each infant was derived into individual power and relative power readings from each electrode, 32 electrodes in all. Raw data are available on figshare 13 . Initially, all 32 power and relative measurements from visit 1 were input into various machine learning algorithms (including K-nearest Neighbor, Support Vector Machine, and Logistic Regression with L1 regularization) to predict the infant's at-risk status. Leave-one-out cross-validation was performed on each model. Then, the variance of relative powers across 32 electrodes were computed as input features for logistic regression to test their predictive efficacy for the classification task.
Prediction of same visit (1st visit) Bayley scores
Multivariate linear regression was conducted to predict current and future Bayley scores to identify if variance of relative power made a significant contribution to prediction. We designed 12 different linear regression models with each one specific to a different category/composite of Bayley score (Table 2) . First, we implemented models that only used age in days to predict each Bayley category. These models did not use variance of relative power as a predictor and thus served as the baseline models to be compared against the baseline models plus variance of relative power.
Each model was examined for assumptions of linear regression (i.e. heteroschedasticity and multicollinearity). Visual inspection of residuals and analysis of correlation between predictors revealed that each model maintained their regression assumptions. A baseline statistical model (a model that only included age in days and at-risk status) was compared to a nested model of the baseline model features plus variance of relative power to determine significant predictive effects of variance of relative power beyond baseline prediction. We used analysis of variance to determine significant predictive effects of variance of relative power across Bayley scores.
Prediction of future visit (3 rd Visit) Bayley scores A multivariate linear regression was conducted with age, at-risk status, and variance of relative power at visit 1 to predict Bayley scores at visit 3. On average, visit 3 took place 60 days after visit 1. The 3-regressor model using age, at-risk status, and variance of relative power was compared against a 2-regressor model using age and at-risk status only.
Results
Prediction of AR status
Leave-one-out cross-validation was performed on each machine learning model to predict at-risk status among 32 infants (11 at-risk) with a mean age of 90 days. Only modest accuracy was identified with typically a high false negative rate for features from conventional metrics (i.e., power and relative power). On the other hand, variance of relative power was calculated as standard deviation of the 32 relative power measurements for each infant and was used as the only predictor within the model. A test of the full model (at-risk status ~ variance of relative power) compared to a baseline model (at-risk status ~ intercept only) was statistically significant, indicating that variance of relative power accurately classified at-risk status (chi square = 7.64, p < 0.01, df = 2, odds ratio = 1.18). Conversely, at-risk status significantly predicted variance of relative power (p < 0.01, F = 8.33, R 2 = 0.217, df = 2). A designation of at-risk was associated with higher variance of relative power. Interestingly, as shown in Figure 1 , age in days did not predict variance of relative power (p > 0.05).
Leave-one-out cross-validation was performed using the identified logistic model to create a confusion matrix. Results demonstrated an overall accuracy of 75%, with a true negative rate of 86% (18/21) and a true positive rate of 55% (6/11).
Results of the analysis demonstrated that an infant with higher variance of relative power across all EEG electrodes had a higher probability of being classified as AR ( Figure 2 ).
Prediction of same visit (1st visit) Bayley scores
Results demonstrated that variance of relative power provided a significant contribution to 1st visit scores of Bayley raw fine motor, Bayley raw cognitive, Bayley total raw score, and motor composite score (p < 0.05, see Table 2 ).
Prediction of future visit (3 rd Visit) Bayley scores
The 2-regressor model was significantly different from a baseline model (p < 0.001, F = 15.61, adjR 2 = 0.58, df = 2). Analysis of variance was used to compare the 2-regressor model to the 3-regressor model at alpha = 0.05. This result demonstrated that the addition of variance of relative power from visit 1 contributed to prediction of Bayley raw fine motor score at visit 3 (p < 0.001, F = 14.13, adjR 2 = 0.65, df = 3). Overall, variance of relative power was able to contribute an extra 7% of variance explained compared to a 2-regressor model using measures of age and at-risk status.
Discussion
Our main findings were: i) variance of relative power of resting state EEG can predict classification of infants as TD or AR, and ii) variance of relative power of resting state EEG can predict Bayley developmental scores at the same visit (Bayley raw fine motor, Bayley raw cognitive, Bayley total raw score, Bayley motor composite score) and at a future visit (Bayley raw fine motor).
Prediction of AR status
Higher variance of relative power predicted AR status, while age in days did not. We propose that higher variance may represent less organized cortical activity associated with an atypical trajectory of brain development. This is consistent with the use of 'EEG complexity' as a measure to distinguish infants with TD from infants at high risk for autism spectrum disorders 14 .
While age must certainly be considered-as a bias toward synaptic formation leads to a peak in synaptic density between 6-18 months of age, followed by a shift to synaptic pruning 15 these studies imply that trajectories between populations of infants are diverging along the course of development. It is important to note that these studies both include infants who are at risk, without considering their ultimate outcomes (diagnoses). Further, we included both low-and high-risk infants in this study. We did not expect the AR infants to be a homogenous group with regards to their brain development and EEG data, rather we expected the AR infants to be different than the TD group, potentially in different ways across infants. Predicting or classifying risk status is not interchangeable with predicting future developmental outcomes/diagnoses.
Prediction of Bayley scores
Our results showed that variance of relative power provides a significant contribution to 1st visit (same visit) score prediction of Bayley raw fine motor, Bayley raw cognitive, Bayley total raw score, Bayley motor composite score. Further, we found that variance of relative power from visit 1 contributes to prediction of Bayley raw fine motor score at visit 3. This is consistent with our previous work, where we found a relationship between a different measure, EEG coherence, and Bayley raw fine motor and gross motor scale scores in infants with TD (the same sample of infants with TD as included here) 12 .
Previous research in infants with TD has also found relationships between EEG measures of power and coherence and motor and cognitive skill performance in infants. One study found a relationship between power in the alpha band and crawling onset in 5-to 7-month-old infants with TD 16 . Another study demonstrated differences in the power and coherence of EEG signals of 7-to 12-month-old infants with TD in relation to success with a cognitive skill, the A-not-B task (object permanence). Infants who were successful displayed changes in frontal EEG power and increased anterior-posterior brain region coherence compared to infants who were not successful. The changes in EEG were attributed to increased organization and excitability in the frontal region 16 . The researchers also demonstrated differences in the power and coherence of EEG signals of 8-month-old typically developing infants with various amounts of crawling experience 6 and, recently, in 12-month-old typically developing infants with various amounts of walking experience 13 .
Taken together, these studies link brain function, as measured by EEG, to motor and cognitive skill performance across various EEG measures and skills. Our study is unique as the infants here are younger than previous studies, and we have included infants AR in addition to infants with TD.
Limitations and future directions
This was a preliminary study in a small sample of infants. Our goal was to highlight potential relationships of interest to be pursued in future, larger, adequately powered studies. In an effort to avoid biased findings based on observations from a small data set, we conducted the EEG analysis and statistical analyses independently. In addition to the small sample size, our study is limited both by factors related to EEG as a tool and by factors related to studying infant development.
EEG as a tool has known limitations. EEG power is sensitive to non-neural factors like thickness and shape of tissues between electrodes and the cortex, as well as recording noise due to differences in hair thickness, the fit of the cap, or differing amounts of eye movement between participants. One way we addressed this was by using the relative power instead of the absolute power, another way was by showing that there were no systematic changes with age in overall variance (Figure 1 ). It is also important to note that EEG is not a direct measure of cortical activity, so our proposal that higher variance may represent less organized cortical activity may or may not be valid. Future work that directly measures cortical activity is needed.
There are many potential factors that likely influence developmental rate and outcomes in infants with TD and AR, and the same factor may or may not have similar effect strength in each group. Potential contributing factors to examine include: amount and type of movement experience, quality of caregiver-infant interaction, parenting style, cultural expectations, birth order, socioeconomic status, physical growth rate, nutritional status, amount and quality of sleep, personality/motivation, and genetics. Additionally, individual EEG predictors show limited power in predicting outcomes. There is the potential to aggregate these together as features to feed into machine learning algorithms for classification and prediction. We hope to pursue larger, more complex predictive models in future work with a larger sample.
Adding EEG measures such as coherence and synchronization of oscillations might increase predictive power, so might including structural brain imaging data or clinic variables. Understanding the relative contribution of each factor to predicting outcomes, as well as their responsiveness to intervention, will be key to providing early intervention to reach optimal developmental potential in infants AR.
This was a preliminary, exploratory, small study of the potential importance of variance of relative power, as measured by resting state EEG data. Our results support variance of relative power as an area of interest for future study as a biomarker of neurodevelopmental status and as an outcome measure for intervention in infants AR. Higher variance may represent less organized cortical activity and be an intuitive and useful metric for identifying and quantifying atypical brain development within the first months of life. We see the potential to combine variance of relative power with other EEG and clinical measures identified in previous studies and to leverage these multiple features using machine learning techniques to improve predictive reliability.
Conclusions
Infant development is a variable and complex process. As a field, we are starting to determine how and when we can intervene in infants AR to have a positive impact on developmental outcomes. Our findings here, of the ability of variance of relative power of EEG to predict classification of infants as TD or AR and Bayley developmental scores, supports the potential of using variance of relative power of EEG to trace out and classify the developmental trajectories of the nervous system. is a secure, web-based application designed to support data capture for research studies, providing (i) an intuitive interface for validated data entry; (ii) audit trails for tracking data manipulation and export procedures; (iii) automated export procedures for seamless data downloads to common statistical packages; and (iv) procedures for importing data from external sources. The Bill & Melinda Gates Foundation provided funds to cover the cost to publish in open access.
Data availability
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The study is clearly and accurately presented. However, some specific comments that should be addressed by the authors are listed below.
The variance of relative power was calculated by taking the standard deviation of peak power in the frequency band 0-30Hz. The position of this peak should be reported, I expected that in most cases it was found in the low frequencies. Why did you decide to use this broad band? Did you try to calculate the same measure in the different EEG frequency bands (i.e. theta, alpha beta, etc.).
It is not clear if the resting-state EEG measures you took into account (i.e. individual power, relative power and variance of relative power) were computed on all the resting state trails you recorded (i.e. the 2 trails at the beginning of your experiment and the trial at the end of the procedure).
The variance of relative power seem to be a promising biomarker. However I think that your hypothesis that higher variance may represent less organized cortical activity should be better investigated. EEG scalp-based data measure surface potential changes caused by a combination of underlying signals from various sources within the brain, as well as extra-brain sources. In my opinion there are a lot of factors that may potentially contribute to higher variance at the scalp level.
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Thank you for your insightful review. In response:
1. We have looked at power variance in the individual frequency bins and peak power is typically within theta. One analysis looking at the alpha frequency was also predictive of 3rd visit scores using 1st visit resting state EEG. We did try prediction within each frequency brand specifically and we found looking across the spectrum to be the most robust.
2. The resting state data came from both periods, to include as much clean data as possible. We have added a sentence in the data analyses section, Only resting state EEG data were analyzed here, ranging from 14-82 seconds". The first part of the sentence addresses a concern from another Reviewer.
Final comment: We agree! We have been careful to say that higher variance in EEG power may represent less organized cortical activity, as opposed to state that it does represent less organized cortical activity. We have added the possibility of noisier data due to extensive eye movements for 1.
2.
3.
4.
5.
represent less organized cortical activity, as opposed to state that it does represent less organized cortical activity. We have added the possibility of noisier data due to extensive eye movements for some infant participants in the limitations section. We also added a sentence in the limitations section, "It is also important to note that EEG is not a direct measure of cortical activity, so our proposal that higher variance may represent less organized cortical activity may or may not be valid. Future work that directly measures cortical activity is needed."
No competing interests were disclosed. Competing Interests: 24 The manuscript describes an EEG-study investigating the prediction of developmental status in infants (TD or AR for developmental disability) and their cognitive outcomes (Bayley scores) using variance in EEG power across electrodes. There were 22 typical developing infants and 11 infants broadly at risk for developmental disability included in the EEG analysis. The variance of EEG relative power across 32 electrodes was calculated using resting-sate EEG data. A logistic regression model was used to predict infants' AR status, and multivariate linear regressions were conducted to predict the effects of variance in EEG power on infants' concurrent and future Bayley scores. The authors found that variance of EEG power can classify infants' developmental status and predict the outcomes/scores of a few Bayley subscales.
There is accumulating evidence supporting the capacity of EEG measures to predict functional outcomes in childhood, and thus it is important to seek for efficient and suitable EEG metrics to optimize the prediction. While this work has the potential to advance the field further, there are several issues requiring revision or clarification.They are listed below in the order of appearance in the manuscript.
Why does higher variance in EEG power represent less organized cortical activity? This assumption has been made in the introduction and discussion without solid evidence supporting it. Please either cite studies for this assumption or analyzing the network organization to examine the association between variance in EEG power and cortical organization. This is important because other factors can also contribute to higher variance of EEG power across electrodes, such as noisier data in the frontal electrodes due to extensive eye movements for some infant participants.
What is the rationale for using variance of relative EEG power to predict developmental status in infants, as well as their cognitive outcomes? Is it because this measure has been tested and validated in the adult literature, or it is just one of the few measures tested by the authors that worked the best?
The presentation of the EEG paradigm could be clearer. My understanding is that 2 trials of 20s resting-state EEG data were recorded, followed by a couple of "arm reaching" trials, and then an additional 2 resting-state trials were presented. Is this correct? If so, did the authors use all the data (2 RS + the Arm R trials + 2 RS?) or just the 4 resting-state trials?
What is the length of the epochs?
It is stated that the variance of EEG relative power was calculated by taking the standard deviation 16. This is a perplexing situation. On Page 8, I agree with the authors' statement that individual EEG predictors may have limited power in predicting cognitive outcomes for infants and children. Then why not use a combination of EEG measures (e.g., power, variance, coherence, synchronization of oscillations, etc.) to predict the outcomes and infants' developmental status, as some of these variables are already available to the authors? Will aggregate these measures in one model result in the highest prediction accuracy? Does any of the measures outperform the other measures? I feel these are important questions relevant to the current study and should be tested or discussed.
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